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This study investigates whether the El Nifio Southern Oscillation (ENSO) affects primary
commodity prices over time. We employ a wavelet approach that allows us to disentangle
the time and frequency domains and to uncover time-varying nonlinear relationships at
different frequency levels. Moreover, we adopt partial wavelet coherence (PWC) and
eliminate macroeconomic effects on commodity prices. We observe that ENSO is
associated with agricultural, food, and raw material commodity prices at lower
frequencies of 32-64 and 64-128 months. These results are stronger from 2000
onward, which are not observed using a conventional wavelet method. Our results
suggest a recent strong relationship between ENSO and commodity prices, which has
important implications for policymakers regarding climate change risk.
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INTRODUCTION

In 2018, the National Climate Assessment (NCA) reported that climate change created new risks."
Global warming, sea level rise, abnormal temperatures, and extreme weather affect human health and
economic growth. Recently, climate risk, regarded as an important risk factor, has received attention
from financial investors.” For instance, abnormal temperatures affect economic activities and
investors’ decisions. An increase in summer temperature is negatively related to gross state
product in the United States (Colacito et al., 2019). Global high abnormal temperatures cause
an increase of drought and result in a decrease of stock prices in the food industry (Hong et al., 2019).
Retail investors tend to sell shares of carbon-intensive firms during abnormally high temperatures
(Choi et al, 2020). Investors who invest in high-carbon-dioxide-emission firms demand
compensation for carbon dioxide emission risk (Bolton and Kacperczyk, 2021).°> In contrast,
Addoum et al. (2020) find a weak relationship between temperature shocks and establishment
sales in the United States, and conclude that temperature shocks are more important in emerging
countries.

We focus on the impact of climate risk on real commodity prices. Real commodity prices provide
important information to both policymakers and financial investors. Commodity prices are

'Fourth National Climate Assessment (globalchange.gov).

*Giglio et al. (2021) consider climate risk as disaster risk and construct a model that contains feedback loops between economic
growth and climate disaster risk. Similarly, Engle et al. (2020) propose a dynamic hedging strategy for climate risk using textual
analysis. Yuan and Yang (2020) explore how market uncertainty influences the carbon market.

*Pedersen et al., 2021 report that low carbon emission firms earn positive alphas.
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associated with business cycles and their shocks are driving forces
for output fluctuations in emerging economies; see Fernindez
et al. (2017), Fernandez et al. (2018). Commodities have been
used as investment assets because of their low correlations with
stock market returns (Erb and Harvey, 2006; Gorton and
Rouwenhorst, 2006; Tang and Xiong, 2012; Buyuksahin and
Robe, 2014; Singleton, 2014). Basak and Pavlova (2016)
propose a theoretical model in which the financialization of
commodities leads to an increase in stock and commodity
return correlations. Fernandez-Perez et al. (2017) show that
commodity markets entail future investment opportunity state
information that is not revealed by dividend yields or term
spreads. Real exchange rates in advanced economies are also
affected by commodity price shocks (Ayres et al., 2020).

We investigate how the El Nino Southern Oscillation
(ENSO)—a type of climate risk—impacts primary commodity
prices over time. ENSO is a climate pattern that is associated with
changes in the temperatures of waters in the central and eastern
tropical Pacific Ocean and influences weather, and rainfall. El
Nifo and La Nifa are extreme phases of this cycle and El Nifio is
linked to crop production (Handler and Handler, 1983; lizumi
et al,, 2014; Hsiang and Meng, 2015). Moreover, ENSO plays an
important role in real commodity price fluctuations and
influences not only certain geographical areas, but also the
world economy. ENSO shocks create droughts in one region
and influence commodity supply in the world market, because
commodity production is limited to specific regions (Ubilava,
2018). It accounts for approximately 20% of global commodity
price fluctuations (Brunner, 2002). Channels of ENSO shocks are
complex, and Cashin et al. (2017) construct multicountry models
and extract indirect ENSO shocks through third-markets.
Moreover, Ubilava (2018) and Nam (2021) provide evidence
that ENSO shocks have heterogeneous and nonlinear effects
on individual agricultural commodities.

In this study, we employ a wavelet approach and investigate
the relationship between commodity prices and ENSO. This
approach allows us to disentangle the time and frequency
domains and to uncover time-varying relationships at different
frequency levels. Ortu et al. (2013) and Dew-Becker and Giglio
(2016) highlight the importance of the frequency domain since
long-run shocks play a key role in asset prices. It is advantageous
for financial time series data that includes different behaviors in
short -and long-run intervals. The previous literature investigates
stock market risk-return relationships, market integration across
international stock markets, and market microstructure at
different frequency levels (Gengay et al., 2005; Rua and Nunes,
2009; Hasbrouck, 2018; Sakemoto, 2020).

Some studies propose adopting the frequency domain in
portfolio constructions; for instance, In and Kim (2006), Cai
etal. (2017), and Conlon et al. (2018). ENSO data have a cyclical
component, and deploying stationary-type autoregressive models
are difficult, as reported by Campbell and Diebold (2005) and
Nam (2021); hence, our wavelet approach is a strong tool for
modeling ENSO data. Therefore, the first contribution of this
study is that it explores the time-varying nonlinear relationships
between real commodity prices and ENSO shocks using the
wavelet approach.

El Nifo and Commodity Prices

Commodity prices are not only driven by ENSO shocks;
macroeconomic fundamentals are also important factors in
determining prices. In particular, short-term interest rate in
the United States is a fundamental factor in determining
global commodity prices. Frankel (2008) points out that a
high interest rate leads to a decline in commodity storage
demand. Furthermore, speculators shift money from
commodity markets to the U.S. Treasury bills with changes in
interest rates. We need to eliminate the effects generated by short-
term changes in interest rates and examine the commodity prices
and ENSO shock nexus in the time and frequency domains.

Our second contribution is that we adopt partial wavelet
coherence (PWC), which allows us to explore how ENSO
shocks impact commodity prices after eliminating interest rate
effects. PWC is proposed by Mihanovi¢ et al. (2009) and Ng and
Chan (2012) and has been widely used in geophysics.* Both
interest rate and ENSO shocks entail time-varying impacts on
commodity prices (Ubilava, 2018; Byrne et al., 2020); therefore,
PWC is a powerful method of capturing time-varying
relationships. More importantly, our approach extends the
work of Ubilava (2018), Byrne et al. (2020), and Nam (2021),
and captures the frequency-domain relationships.

Our third contribution is that we focus on commodity price
co-movement, which is more informative in capturing economic
states. Previous studies have revealed that common factors exist
across commodity prices (see Pindyck and Rotemberg, 1990;
Byrne et al., 2013; West and Wong, 2014). Some studies observe
that co-movement is linked to other macroeconomic
fundamentals. For instance, Gospodinov and Ng (2013) find
that common factors in commodity convenience yields predict
inflation. Alquist et al. (2020) uncover that a common shock in
primary commodity markets is negatively associated with global
economic activities. Focusing on commodity price co-movement
is an important difference from Ubilava (2018), who examines
individual commodity prices since the information of commodity
price co-movement information reveals economic states.’

To preview our results, we find strong correlations between
commodity prices and ENSO at lower frequencies and in two
periods: from 1968 to 1990, and 2000 onward. Moreover, we
adopt the PWC approach and provide evidence that the strong
correlations from 1968 to 1990 became weaker, whereas they
were stronger from 2000 onward. These are not observed without
controlling for the interest rate effects. The strong correlations
during the early period were associated with high inflation rates
and the active monetary policy by the U.S. Federal Reserve Board
(Clarida et al., 2000). Our results also demonstrate that interest
rates play an important role in determining commodity prices, as
proposed by Frankel (2008); therefore, it is important to control
for their effects and to evaluate commodity price fluctuations. The
reason for the strong link between ENSO and commodity prices

“Recently, PWC is employed in the economics and finance literature (Aloui, et al.,
2018; Wu et al., 2020).

*Some studies investigate ENSO impacts on prices of specific commodities:
vegetable oil (Ubilava and Holt, 2013) and coffee (Ubilava, 2012; Bastianin
et al.,, 2018).
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El Nifo and Rainfall

El Nifio conditions in the tropical Pacific are known to shift rainfall patterns in many different parts of the world. The regions and seasons shown on the map below
indicate typical but not guaranteed impacts of La Nifa, For further information, consult the probabilistic information* that the map is based on.
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FIGURE 1| EL Nifo and La Nifia effects. Notes: This figure indicates the weather patterns during El Nifio and La Nifia events. Source: International Research
Institute for Climate and Society at Columbia University, based on Lenssen et al. (2020) and Mason and Goddard (2001).

after 2000 stems from the financialization of the commodity = common risk across assets (Asness et al.,, 2013; Koijen, et al.,
market (Tang and Xiong, 2012; Singleton, 2014). Investors  2018). Recently, investors regard climate risk as an important risk
consider commodities as one of asset classes and focus on a  factor in the financial market. In particular, carbon intensity
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receives attention as an important risk factor both in traditional
assets (Choi et al., 2020; Bolton and Kacperczyk, 2021; Pedersen
etal, 2021) and in new assets (Yang and Hamori, 2021; Yang and
Xu, 2021; Yang 2022). The financialization in the commodity
market and the growing awareness of the carbon intensity lead to
the strong relationship between ENSO and commodity prices
after 2000.

The remainder of this article is organized as follows. In Data,
the data are briefly described. Methodology describes the
methodology of the wavelet coherence and PWC. Empirical
results presents our empirical results. Robustness checks
contains and examination of the robustness of the results.
Finally, we conclude the article in Conclusion.

DATA
ENSO

ENSO is a climate cycle of sea surface temperature and air
pressure of the overlying atmosphere in the tropical Pacific
region. El Nifo and La Nifia are extreme events in this cycle.
During the normal phase, air pressure in Northern Australia and
Indonesia is lower than that on the west coast of equatorial South
America, which causes trade winds to move from east to west over
the Pacific Ocean and draws warm surface water westward. This
circulation of winds brings precipitation to Australia and the
Western Pacific.

During an El Nifio event, the air pressure difference between
the west and east weakens, and allows warmer water to move into
the central and eastern Pacific Ocean. This leads to warmer sea
surface temperatures in the central and eastern tropical Pacific
Ocean, to severe droughts in Australia and the western Pacific
Ocean, and to heavy precipitation on the west coast of equatorial
South America. In contrast, during a La Nifa event, trade winds
strengthen, and the area of warmer water is constrained to the
western Pacific Ocean, which causes an increase in rainfall over
northern and western Australia. Figure 1 shows the patterns of
temperature and rainfall during El Nifio and La Nifa events.

We follow Brunner (2002) and Cashin et al. (2017), and
employ the Southern Oscillation Index (SOI) to capture El
Nifio intensities. The SOI is calculated using the observed sea
level pressure differences between Tahiti and Darwin in Australia.
A negative (positive) SOI value indicates that air pressure is below
(above) average in Tahiti and above (below) that at Darwin. The
negative value of the SOI coincides with abnormal warm (cold)
ocean waters across the eastern tropical Pacific and El Nifo (La
Nifa) events. We obtain the SOI data from the National Centers
for Environmental Information.®

Commodity Prices and Interest Rates

To examine how climate risk affects commodity prices, we collect
a commodity price index for agriculture that is most
influenced by climate risk. Moreover, we obtain three
agricultural sub-indices: beverages, food, and raw materials.

°https://www.ncdc.noaa.gov/teleconnections/enso/soi.

El Nifio and Commodity Prices

These data are downloaded from the World Bank (pink
sheet). Previous studies, such as Byrne et al. (2013), West and
Wong (2014), and Alquist et al. (2020), highlight the importance
of commodity common factors. Motivated by their findings, our
main analysis focuses on commodity indices, rather than on
individual commodities. Real commodity prices are associated
with the business cycle and inflation (Fernandez et al., 2017;
Alquist et al., 2020), and following Fernandez et al. (2017), we
calculate the real commodity price return as log% —log CCPI;{;’
where p; is the commodity price at time t and CPI; is the U.S.
consumer price index at time t.

Real commodity prices are negatively associated with real
interest rates (Frankel, 2008). In this study, we employ a real
interest rate and control for the interest rate effects on commodity
prices. Following Frankel (2008) and Byrne et al. (2013), we
calculate the real interest rate as iy — log %, where i; is the U.S.
three-month Treasury bill rate. Our data cover the period from
January 1960 to February 2021, and the total number of
observations is 732.

The descriptive statistics for SOI, real commodity price
returns, and real interest rates are summarized in Table 1.
The results of the Augmented Diceky-Fuller (ADF) test show
that all the data series are stationary. The upper part of
Figure 2 demonstrates the time-series plot of the SOI. The
persistence of negative values below -2 indicates that El Nifio
events were severe in 1978, 1983, 1992, 1998, 2005, and 2016,
whereas the values above two indicate that La Nifia events
corresponded to 1971, 1974, 1975, 2008, and 2011. In
Supplementary Figure SA2, the top and middle rows
represent the time-series prices and real returns of the four
commodity indices and real interest rates, respectively.
Commodity prices have risen from 1970 to 1986 and have
also increased since year 2000.

METHODOLOGY

Wavelet Coherence Analysis
This section describes wavelet coherence analysis that allows us to
assess the frequency components of nonlinear relationships
without losing time-specific information. We begin by
mapping an original series into two directions of frequency
and time via a mother wavelet function. Following Torrence
and Compo (1998), Torrence and Webster (1999), and Grinsted
et al. (2004), a continuous wavelet function of time series x; can
be defined as

W, (15) = J t_TT>dt (1)

- 1.
e
- Als]
where v is a wavelet function with two variables 7 and s. The
translation parameter 7 determines the location of the wavelet
and s is a scaling parameter that controls the width of the
wavelet.” The term |s| denotes the absolute value of s, and the
superscript * indicates complex conjugation. A continuous

“We use the Morlet wavelet function. For more details, see Grinsted et al. (2004).
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TABLE 1 | Descriptive statistics.

Mean Median SD

Commodity prices

Agriculture -0.001 -0.003 0.026
Beverages —-0.001 —-0.003 0.044
Food -0.001 -0.002 0.033
Raw materials —0.001 -0.002 0.024
SOl 0.120 0.100 0.955
ONI -0.013 0.000 0.843
Ai —0.006 0.005 0.449

El Nifio and Commodity Prices

Skewness Kurtosis ADF Observations
0.057 6.600 —-7.513"* 732
0.899 7.793 -7.126"* 732
0.097 6.701 —7.677 732
0.375 6.699 —7.641* 732

-0.196 3.570 -6.832"* 732
-0.373 3.191 -6.069* 732
-1.643 19.539 —7.448"* 732

SOl is the Southern Oscillation Index. ONI is the value of the Oceanic Nifio Index multiplied by (-1). Ai is the first difference in U.S. 3-month Treasury Bill real prices. SD denotes standard

deviation. ADF is the Augmented Dickey-Fuller test. *** indicates significance level at the 1%.

1968 1976 1986

FIGURE 2| SOl figure from top to bottom are the time series of the Southern Oscillation Index at the top and its wavelet power spectrum at the bottom. Notes: The
black contour in the wavelet power spectrum shows a 5% significance level estimated from the Monte Carlo simulations. The color code in the wavelet power spectrum
shows the degree of local variance, ranging from blue (low variance) to yellow (high variance). The bold line in the wavelet power spectrum shows the edge effects.

I

2009

1993 2001 2018

wavelet function can decompose an original time series into both
time and frequency.

The continuous wavelet power is defined as [W,|?, which
indicates the local variance of x;. According to Grinsted et al.
(2004), we set the cone of influence to present the edge effects,
and we assess the statistical significance of the wavelet power by
using the null hypothesis of an autoregressive (AR) process of
order one.®

Given two time series, x; and y;, their (squared) wavelet
coherence function can be defined as follows:

8See details in Grinsted et al. (2004).

2

2 _ |S(ny)l

= 2

7 s(wLP)s(w, ) ¥
where W, is the cross-wavelet transform function of x; and yt9.
S is the smoothing operator that smoothens the time series by
varying the wavelet scales. The squared wavelet coherence
(OngCy <1) interprets the correlation between x; and y; in a
time-frequency space. According to Torrence and Compo (1998)
and Grinsted et al. (2004), the Monte Carlo simulation method is
employed to estimate the statistical significance level of wavelet
coherence.

Wy = WxW;, where * is the complex conjugate operator.
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TABLE 2 | Estimated results of regression analysis.

El Nifio and Commodity Prices

Panel A - Constant SOl Ai Adjusted R? p-Value of
(%) F Statistics
Agriculture Monthly —-0.001 (0.344) 0.001 (0.541) 0.008*** (0.000) 1.8 0.001
Quarterly —-0.003 (0.004) 0.0083 (0.004) 0.009** (0.004) 1.5 0.064
Annually -0.010 (0.016) 0.005 (0.015) 0.028"* (0.010) 8.4 0.032
Panel B
Beverages Monthly —-0.001 (0.002) 0.000 (0.002) 0.004 (0.003) 0.0 0.570
Quarterly —-0.004 (0.006) —0.000 (0.006) 0.002 (0.007) -0.8 0.969
Annually -0.014 (0.611) —0.020 (0.430) 0.004 (0.795) -2.3 0.698
Panel C
Food Monthly —-0.001 (0.001) 0.000 (0.001) 0.010"* (0.003) 1.8 0.001
Quarterly —-0.003 (0.004) 0.004 (0.005) 0.012** (0.005) 1.9 0.038
Annually -0.009 (0.019) 0.006 (0.018) 0.038"* (0.012) 1.4 0.013
Panel D
Raw materials Monthly —-0.001 (0.001) 0.001 (0.001) 0.002 (0.002) -0.0 0.396
Quarterly —-0.004 (0.003) 0.004 (0.004) 0.0083 (0.004) 0.0 0.347
Annually -0.014 (0.017) 0.021 (0.016) 0.017 (0.011) 2.8 0.167

SOl is the Southern Oscillation Index. Ai is the first difference in U.S. 3-month Treasury Bill real prices. The numbers in parentheses are the standard deviations. *, **, and *** indicate

significance level at the 10, 5, and 1%, respectively.

Partial Wavelet Coherence Analysis

Next, we describe PWC analysis, which is an extension of
bivariate wavelet coherence analysis. Mihanovi¢ et al. (2009)
propose the PWC approach that represents a nonlinear
relationship between x; and y;. This allows us to assess a
“pure” correlation by excluding the influence of the other
variables, since the correlation (coherence) may be misleading
if it is dependent on the third variable. Ng and Chan (2012)
employ the PWC approach for geophysical applications, and Hu
and Si (2021) develop the PWC method that is not limited to one
excluding variable.

Following Mihanovi¢ et al. (2009), Ng and Chan (2012), and
Hu and Si (2021), a (squared) partial wavelet coherence function
is defined as

.12
A

Poz = (1-R)(1-R2,)

S(Wyy)

where Vay = RS

bivariate relationship between x; and y; after excluding the

3)
. The PWC in Eq. 3 represents the

effects of variable z;. Similar to the normal wavelet coherence
method, the Monte Carlo simulation method used to calculate the
statistical significance level of PWC."

EMPIRICAL RESULTS

In this section, we first estimate an impact of ENSO shocks on real
commodity price returns using a regression model. Then, we use
the wavelet coherence method to measure the nonlinear

19See more details in Hu and Si (2021).

relationships between commodity price returns and ENSO
shocks in the time-frequency domains. Finally, we use the
PWC and examine how ENSO shocks affect commodity price
returns after excluding the effects of interest rates.

Linear Regression Results

We begin with the regression results and regress the commodity
returns onto the SOI and the interest rate in three time domains:
monthly, quarterly, and annually. Table 2 presents that SOI has a
positive impact on commodity returns of agriculture, food, and
raw material,'' but the estimates are not statistically significant,
which suggests that the SOI effects are nonlinear, as reported by
Ubilava (2018) and Nam (2021). Panels A and C of Table 2 show
that the real interest rate is an important determinant of
agricultural and food returns, which is in line with Frankel
(2008) and Byrne et al. (2013). The real interest rate effects
are positive, which contrast with the results of the previous
literature. We use a change in the interest rate and it causes
the positive relationships.'?

Empirical Results Based on Wavelet
Coherence

Having found a weak relationship between SOI and commodity
returns, we use wavelet analysis to explore nonlinear relationships
in the time-frequency space. First, we decompose our data series

""For example, Bennetton et al. (1998) argue that hot and dry summer droughts
increase the frequency and severity of wildfires, which in turn reduce the crop
yields and the next wheat exports. Thus, it leads to higher world wheat prices.
?We employ a change in the interest rate due to obtain the stationary series and we
observe a negative relationship with the raw data series.
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FIGURE 3| Wavelet coherences between commodity prices and SOI. Notes: The black contour shows a 5% significance level estimated from the Monte Carlo
simulations. The color code shows the degree of coherence strength, ranging from blue (low coherence) to yellow (high coherence). The bold lines indicate the edge
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individually based on Eq. 1 and search for their local variance.
According to the length of our data series, they are decomposed
into seven levels: level one (1-2 months), level two (2-4 months),
level three (4-8 months), level four (8-16 months), level five
(16-32 months), level six (32-64 months), and level seven
(64-128 months), covering the short-term (less than 1 year),
mid-term (1-2 years), and long-term horizons (over 2 years).

The bottom sections of Figure 2; Supplementary Figure SA2
demonstrate the wavelet power spectrum plots of the SOI, four
commodity price returns, and the interest rate. From Grinsted
et al. (2004), colors ranging from blue to yellow indicate a low or
high degree of local variance and the black contour indicates a 5%
significance level using the Monte Carlo simulation method. The
bold line in the influence cone indicates the area affected by edge
effects. The dark contours on the 32- to 64-month scales in the
wavelet power spectrum plot of Figure 2 indicate that high local
variance of the SOI appeared in the long-term range during the
periods 1968-1995 and 2006-2011. The frequency of the ENSO is
consistent with the findings reported by Ray and Giese (2012)
who observe that the mean frequency distribution of the ENSO is
3.9 years (46.6 months), with the standard deviation of 1.9 years
(22.8 months). Bunde et al. (2005) document that there is long-
term memory in the climate record that leads to a pronounced
clustering of extreme events.

For the commodity markets in Supplementary Figure SA2,
we find high volatility periods on the 4 to 8- and 32- to 64-month
scales from 1970 to 1986 and on the 8- to 16- month scales from
2008 to 2010. The periods of high volatility in the SOI and
commodity markets overlap. We also observe significant high
interest rate volatility in the long run period of 1976-1986, which
corresponded with the high inflation period in the United States.

Second, we investigate the nonlinear interdependence of
commodity price returns and SOI by estimating their wavelet
coherence, as shown in Figure 3. Similar to Figure 2;
Supplementary Figure SA2, the color codes from blue to
yellow show coherence values from zero to one and the black
contour lines indicate a 5% significance level using the Monte
Carlo simulation method. We note that agricultural, food, and
raw material commodity returns had high correlations with the
SOI on the 32 to 64- and 64- to 128-month scales for the two
periods of 1968-1990 and from 2000 onward. The correlation
between beverage price return and SOI was weak. These results
confirm the findings of Ubilava (2018) and Nam (2021) that
ENSO shocks have heterogeneous and nonlinear effects on
agricultural commodities. Whereas they focus only on the
effect of climate on individual commodity prices, we
employ agricultural price indices, which are much
more informative in terms of capturing the economic state
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(Byrne et al., 2013; West and Wong, 2014; Alquist et al., 2020). In
addition, the vector autoregressive (VAR)-type models adopted
in previous studies do not assess time and frequency information
simultaneously.

Empirical Results Based on PWC

Finally, we use PWC to investigate the partial correlations
between commodity prices and SOI, since PWC allows us to
find wavelet coherence after eliminating the effect of the other
variables (Mihanovi¢ et al., 2009; Ng and Chan, 2012). Frankel
(2008) reports that high interest rates reduce demand for
commodity storage, which in turn affects commodity prices.
Interest rates are an important determinant for commodity
prices and we investigate “pure” relationships between the
commodity price returns and the SOI after eliminating the
interest rate effects in this section.

Figure 4 presents estimated results using PWC and the
color code and black contour lines have the same meaning as
those in Figure 3. The results indicate that the strong
correlations from 1968 to 1990 estimated in Figure 3 were
weaker as shown in Figure 4, suggesting that agricultural,
food, and raw material commodity price returns during this

period are mainly driven by a change in the interest rate, and
not by ENSO shocks. This is related to the high inflation period
triggered by oil price shocks and the proactive monetary policy
implemented by Paul Volcker (e.g., Clarida et al., 2000). The
correlations were stronger from year 2000 onward, controlling
for interest rate effects, which implies that climate risk became
a greater determinant of commodity prices. These are related
to recent global warming that enhances ENSO variability (Cai
et al, 2018; Power et al, 2021).'* Ubilava (2017) also
investigates ENSO-induced asymmetric price transmissions
in the international wheat market and reports that the
ENSO indeed affects international wheat prices. Disasters
related to extreme weather are linked to agricultural prices
in both domestic and international markets (Chatzopoulos
et al., 2020) and impact the stock prices of food firms (Hong
et al., 2019).

For a more intuitive understanding, we plot the results of a
more detailed analysis of time-varying coherence (top) and

3A rise in temperatures is linked to more frequent and severe disasters, which leads
to unstable financial systems (Giuzio et al., 2019; Flori et al,, 2021).
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FIGURE 5| Time-varying wavelet coherences (A) and partial wavelet coherences (B) between agriculture and SOI across different frequencies.

1993 2001 2009 2018

PWC (bottom) in Figure 5; Supplementary Figure SA3. The
vertical axis shows the values of the wavelet coherence and
PWC. A coherence value close to one indicates a high
correlation and a value close to zero indicates a weak
correlation. We find that the results of wavelet coherence

and PWC are heterogeneous across different time scales.
Specifically, they are more variable in short-term horizons
and more stable in long-term horizons. However, the
correlations of PWC became weaker than those of wavelet
coherence in the mid- and long-term (16- to 32-, 32- to 64-,
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and 64- to 128-month scales) from 1968 to 1990, and became
stronger from year 2000 onward. This implies that ENSO
events became severe and climate risk had a greater impact
on commodity markets after removing the interest rate effects,
which is consistent with Figures 3, 4.

ROBUSTNESS CHECKS
Ocean Nino Index (ONI)

Having found time- and frequency-specific relationships between
commodity prices and the SOI, we investigate whether our results are
robust when we adopt a different ENSO measure. We follow Brunner
(2002) and Ubilava (2018) and use another monthly series of the
ENSO index named the Ocean Nifo Index (ONI), which is the
rolling index of 3-month average anomalies in the equatorial Pacific
sea surface temperature (SST). The value of +0.5 or higher indicates
El Nifio, whereas the value of —0.5 or lower indicates La Nifia."*
Supplementary Figure SA1 shows the time series and wavelet power
spectrum of the ONL We can see that most high variance of the ONI
occurs on the 16 to 32- and 32- to 64-month scales.

Commodity Prices and ONI

Next, we investigate the impact of ONI on commodity prices.
The results estimated by linear regressions are presented in
Supplementary Table SA1, and we find that the estimates of
ONTI are not significant. We also compare the results of wavelet
coherence and PWC, adopting ONI as shown in
Supplementary Figures SA4-A6. Similar to the results
estimated by the SOI, strong correlations between
commodity prices and the ONI were observed on the 32 to
64- and 64- to 128-month scales and during two periods of
1968-1990 and from year 2000 onward. These results are
related to previous studies that deploy data on SST
anomalies (Brunner, 2002; Ubilava, 2018).

Supplementary Figures SA4-A5 demonstrate that the
correlation between the beverage and ONI is weaker than that
of the other three pairs. In contrast to the wavelet coherence
results, the PWC provides evidence that the medium- and long-
term correlations weakened in 1986-1990 and strengthened after
2000 after removing the effects of interest rates, which is
consistent with the results when we adopt the SOL

CONCLUSION

This study examines how ENSO shocks affect four primary
commodity index prices: agriculture, beverages, food, and raw
materials. Commodity price co-movement is strongly linked to
business cycles and provides important information for
policymakers (Byrne et al, 2013; Gospodinov and Ng, 2013;
Alquist et al,, 2020). ENSO shocks influence commodity prices,
but their impacts are nonlinear (Brunner, 2002; Ubilava, 2018;

'“ONI is multiplied by (-1) to ensure consistency with the SOI (a negative value of
the SOI indicates El Nifio events).

El Nifio and Commodity Prices

Nam, 2021). Moreover, it is difficult to investigate them using
time-series models that assume stationary data series (Campbell
and Diebold, 2005; Nam, 2021). Thus, we employ the wavelet
coherence analysis approach to measure nonlinear relationships in
the time and frequency domains, allowing inclusion of non-
stationary data, such as ENSO shocks. More importantly, we
apply the PWC approach proposed by Mihanovi¢ et al. (2009)
and detect a “pure” relationship by removing the effects of the
interest rate, which is an important variable in commodity prices
(Frankel, 2008).

We find that the correlations between ENSO shocks and
commodity price returns, such as agriculture, food, and raw
materials, are almost homogenous, while ENSO shocks have a
weaker correlation with the return of beverages than with the
other commodities. We observe that the high correlations were at
lower frequencies (32-64 and 64-128 months) and occurred in two
periods, 1968-1990 and from year 2000 onward. Furthermore,
comparing the results of wavelet coherence and PWC, we see that
the high correlations between 1968 and 1990 became weak and the
high correlations from year 2000 onward became strong by
eliminating the effects of the interest rate, suggesting a recent
strong relationship between commodity prices and ENSO. This
indicates that controlling for interest rate effects is substantial for
capturing the relationships between commodity prices and ENSO
shocks.

Our findings have important implications for policymakers
regarding climate change risks. The high correlations occurred at
low frequencies, indicating that policies and institutions need to
counter the adverse effects of ENSO shocks in the long run. The
recent strong correlation between primary commodity prices and
climate risk suggests that governments must consider the impacts
of climate risk more carefully.
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